Diffusion kurtosis imaging (DKI) is a diffusion-weighted technique which overcomes limitations of the commonly used diffusion tensor imaging approach. This technique models non-Gaussian behaviour of water diffusion by the diffusion kurtosis tensor (KT), which can be used to provide indices of tissue heterogeneity and a better characterisation of the spatial architecture of tissue microstructure. In this study, the geometry of the KT is elucidated using synthetic data generated from multi-compartmental models, where diffusion heterogeneity between intra-and extra-cellular media is taken into account, as well as the sensitivity of the results to each model parameter and to synthetic noise. Furthermore, based on the assumption that the maxima of the KT are distributed perpendicularly to the direction of well-aligned fibres, a novel algorithm for estimating fibre direction directly from the KT is proposed and compared to the fibre directions extracted from DKI-based orientation distribution function (ODF) estimates previously proposed in the literature. Synthetic data results showed that, for fibres crossing at high intersection angles, direction estimates extracted directly from the KT have smaller errors than the DKI-based ODF estimation approaches (DKI-ODF). Nevertheless, the proposed method showed smaller angular resolution and lower stability to changes of the simulation parameters. On real data, tractography performed on these KT fibre estimates suggests a higher sensitivity than the DKI-based ODF in resolving lateral corpus callosum fibres reaching the pre-central cortex when diffusion acquisition is performed with five b-values. Using faster acquisition schemes, KT-based tractography did not show improved performance over the DKI-ODF procedures. Nevertheless, it is shown that direct KT fibre estimates are more adequate for computing a generalised version of radial kurtosis maps.
Introduction
Diffusion-weighted imaging (DWI) is a magnetic resonance imaging (MRI) modality which can measure the diffusion of water molecules in the brain in vivo. DWI measures diffusion over micrometre length scales, and thus it is sensitive to microstructural information that is not resolved by conventional MRI structural images.
Diffusion tensor imaging (DTI), one of the most widely used DWI techniques, models diffusion using a second-order tensor known as diffusion tensor (DT), which is geometrically represented by an ellipsoid (Basser et al., 1994) . The DT can be used to extract some rotation invariant parameters, such as mean diffusivity (MD), axial diffusivity (AD), radial diffusivity (RD) and fractional anisotropy (FA), which can be used as biological markers for microstructural changes in the brain (Pierpaoli and Basser, 1996) . Moreover, assuming the simple model that diffusion is larger along directions less limited by barriers (e.g., myelin sheath), the main direction of white matter fibres can be approximated by the principal axis of the diffusion ellipsoid (Basser, 1995) . Based on this assumption, DTI can be used to tract white matter pathways (tractography) allowing for a non-invasive visualisation of white matter connections (Fillard et al., 2011) .
Although DTI has been shown to be useful in detecting changes related to maturation or degeneration processes of brain microstructure (e.g., Sundgren et al., 2004) , this technique has two major limitations. First, it assumes that water diffusion is Gaussian, while experimental NeuroImage 111 (2015) [85] [86] [87] [88] [89] [90] [91] [92] [93] [94] [95] [96] [97] [98] [99] Abbreviations: 3D, three-dimensional; AD, axial diffusivity; AK, axial kurtosis; D (m) , diffusion tensor for an individual simulated compartment; DKI, diffusion kurtosis imaging; DKI-ODF, DKI-based estimation of the orientation distribution function; DT, diffusion tensor;DTI,diffusion tensorimaging; DWI,diffusion-weighted imaging;FA, fractional anisotropy; f (m) , compartment volume fraction; f ia , intra-cellular volume fraction; f p , fibre population volume fraction; MK, mean kurtosis; MD, mean diffusivity; ODF, orientation distribution function; RD, radial diffusivity; RK, radial kurtosis; ROI, region of interest; KT, diffusion kurtosis tensor.
results have shown that such model is not enough to fully characterise diffusion in biological tissues (Assaf and Cohen, 1998; Niendorf et al., 1996) . Second, the DT can only provide accurate directional information for single fibre populations, and thus it fails to characterise the orientation of fibres in regions of crossing or fanning (Weigell et al., 2000) . Several approaches have been proposed to overcome the limitations of DTI. For example, non-Gaussian diffusion can be taken into account by directly applying biological models to the diffusionweighted signals (e.g., Assaf et al., 2004 Assaf et al., , 2008 Zhang et al., 2012) . Nevertheless, they have a limited scope for clinical applications due to significantly longer scanning times and their dependence on specific biological models. More robust estimation of fibre directions can be obtained using diffusion spectrum imaging (DSI) at the expense, however, of requiring even longer scanning times (Wedeen et al., 2008) . Accurate fibre direction estimates from much less diffusionweighted data are possible using q-ball imaging techniques (Tuch, 2004 ), yet these were developed specifically for single shell acquisitions which are not compatible with the acquisitions required for non-Gaussian diffusion techniques.
Diffusion kurtosis imaging (DKI) is a simple extension of the DTI model which allows the estimation of the diffusion kurtosis tensor (KT) in addition to the DT using relatively fast acquisition schemes (Jensen et al., 2005; Lu et al., 2006) . The KT quantifies the nonGaussian behaviour of water diffusion and can be interpreted as a measure of tissue microstructural heterogeneity (Jensen and Helpern, 2010) . Similarly to the DT, rotation invariant metrics can be extracted from the KT, such as mean kurtosis (MK), axial kurtosis (AK) and radial kurtosis (RK) (Hui et al., 2008) . Moreover, by combining the information from both the DT and KT, DKI has recently been shown to be useful in providing estimates of biophysical parameters, such as fibre density and intra-and extra-cellular diffusivities (Fieremans et al., 2011) . All these metrics have shown promising results in many human brain studies, revealing additional clinical information relative to the standard DT-based measures (e.g., Falangola et al., 2008; Fieremans et al., 2013; Gonga et al., 2013; Helpern et al., 2011; Hui et al., 2012; Wang et al., 2011; Yoshida et al., 2013) . Nevertheless, these metrics are still limited for not taking into account the complex white matter architecture of crossing or fanning fibres.
Being a fourth-order tensor, the KT offers a better characterisation of the spatial arrangement of tissue microstructure. Particularly, in a preliminary DKI study, Lu et al. (2006) showed that KT geometry shows maxima perpendicular to the direction of well-aligned fibres, and it has been shown to be sensitive to orthogonal crossing fibres. Although lacking a direct relationship between the KT's geometry and the direction of crossing fibres, Lazar et al. (2008) proposed a mathematical estimation of the orientation distribution function (ODF) from DKI which was able to predict the direction of two or three fibres crossing at different intersection angles. Recently, this approach was extended by Jensen et al. (2014) showing improvements on the estimation of fibre directions for DKI-based tractography procedures.
In this study, KT geometry is elucidated on synthetic data produced from multi-compartmental models able to simulate fibres crossing at different intersection angles. In particular, the relationship of KT maxima and the ground truth direction of fibres crossing at different intersection angles is established. A novel algorithm to estimate fibre directions mainly based on KT geometry is also proposed. KT geometry and the performance of the newly proposed procedure are compared to the geometry and fibre estimates from DTI and the DKI-based ODF (DKI-ODF) introduced by Jensen et al. (2014) , so that the relevance of the findings in improving the current DKI state-of-the-art can be fully assessed. For a realistic biological representation, simulations take into account the diffusion heterogeneity between intra-and extra-cellular media. Moreover, the sensitivity of the results to each model parameter and to synthetic MRI noise is assessed. Finally, the impact of the findings in the development of tractography algorithms and robust biological markers is addressed on real MRI data. Particularly, the fibre direction estimates from the KT and DKI-ODF are used to resolve crossing fibres on brain tractography approaches and to compute generalised versions of RK maps for regions of interest with crossing fibres.
Methods and materials
In this section, the DKI model is reviewed, introducing equations and parameters relevant to our study. Then, strategies to estimate fibre direction are described: directly from the KT and from the DKI-ODF approximation as proposed by Jensen et al. (2014) . Finally, details of the multi-compartmental simulations and specifications of in vivo imaging parameters and tractography processing protocols are presented.
Diffusion kurtosis imaging model
The DKI model relates the diffusion-weighted signal, S, to the applied diffusion weighting, b, the signal in the absence of diffusion gradient sensitisation, S 0 , and the values of diffusion, D, and diffusion kurtosis, K, along the spatial direction n:
D(n) and K(n) can be computed from the KT and DT using the following equations:
where D ij and W ijkl are the elements of the second-order DT and the fourth-order KT tensors, respectively, and MD is the mean diffusivity.
Estimating fibre direction from the KT Fibre direction can be directly obtained from the KT by first defining the average perpendicular kurtosis along the spatial direction n, which we designate as pK:
where δ is the Dirac delta function and K is the directional kurtosis described by Eq. (3). Assuming that the maxima of the KT are distributed around directions perpendicular to the fibres (Lu et al., 2006; Wu and Cheung, 2010) , fibre direction estimates can be directly obtained by finding the maxima values of pK using a two-step procedure. First, an initial estimation of the local maxima is obtained from values of pK sampled from a finite number of spatial directions n (125 uniformly distributed directions over a sphere with radius one are computed using a charge repulsion algorithm, Jones et al., 1999) . Second, the locations of the pK maxima are refined using a quasi-Newton convergence algorithm (Lagarias et al., 1998) . In this study, the latter step is performed until an angular precision lower than 0.1°is reached.
Estimating fibre direction from DKI-ODF Fibre estimates from DKI-ODF are obtained by finding the maxima of the following expression using a quasi-newton algorithm as proposed by Jensen et al. (2014) :
where ODF g is the Gaussian ODF contribution, α is the radial weighting power, U ij are the elements of the dimensionless tensor U defined by U = MD × DT −1 and V ij is defined as
The parameter α is set to 4 in agreement with the results reported by Jensen et al. (2014) . The same 125 uniformly distributed direction samples are used for the initial condition of the quasi-newton convergence algorithm, which is performed until reaching an angular precision of 0.1°.
Noise-free simulations
Assuming that white matter within a voxel can be represented by N impermeable compartments in which diffusion can be characterised by a Gaussian distribution, the DT and the elements W ijkl of the KT can be computed using the expressions (Jensen and Helpern, 2010; Lazar et al., 2008) DT
where D (m) and f (m) are the diffusion tensor and volume fraction for each compartment m. Previous DKI studies have applied similar multi-compartmental simulations in particular to evaluate the DKI-ODF approximations (Jensen et al., 2014; Lazar et al., 2008) . However, these neglected the non-Gaussianity introduced by tissue heterogeneity along directions perpendicular to the fibres. In the current study, this heterogeneity is incorporated by separately modelling intra-and extra-cellular media for each simulated fibre. Thus, two or three crossing fibres are simulated using four or six compartments, respectively, with unique values of D (m) and f (m) depending on the medium and fibre direction represented.
Following this, the D (m) for each individual compartment is constructed by
where v ! 1 is a column vector representing the fibre direction ground truth, while v ! 2 and v ! 3 are two vectors with arbitrary directions perpendicular to v ! 1 . The values of AD and RD for the intraand extra-cellular compartments were based on the estimates reported by Fieremans et al. (2011) and summarized in Table 1 .
The volume fraction f (m) for each individual compartment is computed using the following equations for compartments representing intra-or extra-cellular media, respectively:
and
where f ia is the intra-cellular volume fraction (from Table 1 f ia is set to 0.49) and f p is the volume fraction of the fibre population relative to all other fibre populations (in this study, f p is set to 1/2 for two crossing fibres and 1/3 for three crossing fibres, corresponding to fibre populations with equal weight). To study the relationship between the directions of two crossing fibres and DT, KT and DKI-ODF geometries, simulations were performed using different configurations: while one synthetic fibre was always kept on the x-axis, the second fibre was placed on the x-z plane with a varying intersection angle. For three crossing fibres simulations, the third fibre was always placed perpendicularly to the other fibres, i.e., always kept aligned to the z-axis. DT, KT and DKI-ODF fibre estimates were also obtained from these simulations to evaluate their performance in terms of angular resolution and angular directional errors. Angular resolution was defined as the smallest crossing fibre intersection angle for which an estimation procedure correctly indicates the existence of two fibre directions. Since intersection angles were uniformly sampled between 1°and 90°with a step of 1°, angular resolution was computed with a precision of 1°. To compute angular directional errors for crossing fibres, the two fibre direction estimates with larger amplitudes were first paired to the fibre ground truth directions by minimizing their angular differences. Errors were then computed from each matched pair of ground truth and estimated directions. In this study, angular errors were reported from only one fibre (arbitrarily, the first ground truth fibre was selected). This was not consistent to previous studies (e.g., Yeh and Tseng, 2013) , which reported instead the average between the pairs of matched ground truth and estimated directions. However, the proposed procedure was preferred so that errors are not under represented. Moreover, similar results would have been observed if the second fibre had been selected instead. The sensitivity of the results was then evaluated by repeating simulations and changing each parameter of the multi-compartmental model one at a time. The variant values tested are reported on the fourth and fifth columns of Table 1 , which were selected according to the ranges reported by Fieremans et al. (2011) for f ia , intra-and extracellular AD and extra-cellular RD. In their work, Fieremans et al. (2011) postulated that brain axonal radii are small enough to assume an intracellular RD equal to zero. However, other studies had measured intracellular RD values for in vivo data in regions with large axons (e.g., in the spinal cord and peripheral nerves) up to 0.3 × 10 −3 mm 2 s −1 (Nilsson et al., 2013; van Gelderen et al., 1994) . To account for possible larger axons on the human brain, in particular on the body of the corpus callosum (Aboitiz et al., 1992) , the intra-cellular RD was allowed to vary up to 0.2 × 10 −3 mm 2 s −1
.
Adding noise to simulations
Noise was incorporated in simulations after computing the noisefree versions of the DT and KT using the methodology described in the previous section (Noise free simulations). Based on the noise-free tensors, diffusion-weighted signals S(n,b) were computed using the DKI model described by Eqs. (1)- (3), where S 0 was set to an arbitrary value of 150, while n and b were set to the diffusion gradient directions and b-values of our real data acquisition schemes (described in Human brain data section). Assuming that noise in the diffusion-weighted data is typically well described by a Rician distribution (Jones and Basser, 2004) , noisy diffusion-weighted signals R(n,b) were computed for each instance of S(n,b) using the following equation:
where g r and g i are independent random variables described by a Gaussian distribution with null mean and standard deviation σ. To simulate a typical SNR value of 15 on the signal with no diffusion gradient sensitization (Jones and Basser, 2004) , σ was set to 10 (SNR = S 0 /σ). This σ value was used on all diffusion-weighted signals. The noise corrupted versions of the DT and KT were then estimated from the values of R(n,b) using a conventional linear least squares DKI fit (Tabesh et al., 2011) . Simulations were repeated 1000 times for each crossing fibre modelled with a different intersection angle.
Human brain data
All MRI experiments were performed on a 3 T Siemens Trio scanner at the MRC Cognition and Brain Science Unit, Cambridge UK, using a 32-channel head coil. Two different diffusion-weighted sequences were tested in this study. First, six healthy young adults (4 males) aged between 25 and 32 were recruited. Diffusion-weighted images covering the whole brain (66 axial images, slice thickness of 2 mm without gap) were recorded using a twice refocused spin echo (TRSE) echoplanar imaging sequence (Reese et al., 2002) ). Before the acquisition of the diffusion-weighted images corresponding to a new b-value, five sets of images with no diffusion sensitisation were also obtained (b-value = 0 s·mm − 2 ), making a total of 175 brain volumes acquired for each subject which corresponded to an acquisition time of 29 min and 10 s. This large number of diffusion-weighted volumes was acquired to ensure high accuracy in the DKI fitting process, so that features of the 3D geometries of the KT and DKI-ODF could be analysed with minimized influence of real data noise artefacts. Other acquisition parameters were as follows: TR = 9600 ms, TE = 111 ms, matrix = 96 × 96, field of view (FOV) = 192 × 192 mm 2 , partial Fourier of 7/8, and acceleration factor of 2 using GRAPPA with 36 reference lines. Second, a fast DKI protocol was implemented to study the robustness of the results using data more suitable for clinical applications. This was based on previously optimised DKI acquisition schemes Tabesh et al., 2011) , with a total acquisition time of 10 min and 2 s, TR = 9100 ms and TE = 104 ms. All other acquisition parameters remained the same. For a better assessment of the robustness of the KT and DKI-ODF fibre estimates, the fast DKI protocol was acquired twice per volunteer on two separate visits. Five healthy volunteers (4 males) aged between 30 and 34 were recruited for this part of the study. In addition, for all eleven participants, a high resolution 3D T1-weighted MPRAGE was acquired with the following imaging parameters: TR = 2250 ms, TE = 2.98 ms, matrix = 256 × 256, FOV = 256 × 256 mm 2 , and slice thickness = 1 mm. Estimation of the DT and KT for all real diffusion-weighted data sets was performed based on previously optimised DKI procedures (Neto Henriques et al., 2012a , 2012b : first, non-brain tissues were removed from all diffusion-weighted volumes using the brain extraction procedures available with FSL software library version 4.1.8 (http://fsl.fmrib. ox.ac.uk/fsl/fslwiki/, Smith, 2002) ; second, to reduce the impact of MRI noise, diffusion-weighted volumes were smoothed with a Gaussian kernel with full width half maximum of 2.5 mm; third, DT and KT estimates were obtained by fitting the diffusion-weighted data to the DKI model (Eqs. (1)- (3)) using an unconstrained linear least squares fitting approach (Tabesh et al., 2011) ; finally, standard MD and FA maps were obtained as described by Pierpaoli and Basser (1996) . Fibre direction estimates were then obtained from KT and DKI-ODF as described in Estimating fibre direction from the KT and Estimating fibre direction from DKI-ODF sections. In vivo visual inspection of the 3D geometrical shape of DT, KT and DKI-ODF and respective fibre direction estimates was carried out using an in-house developed software toolbox (named UDKI for united DKI), which displays geometries and corresponding fibre estimates for manually selected voxels or regions of interest (ROIs). Using colour coded FA maps, voxels were selected where fibres are known to be well aligned or crossing.
Tractography was performed using an adapted version of a DTI streamline brute force algorithm (Huang et al., 2004) , allowing the reconstruction of tracts from multiple fibre directions estimated per voxel. Tract reconstructions were initialised in the middle of all brain voxels for all fibre direction estimates and propagated through voxels following the fibre directions with smaller angular deviation; tracking was terminated when a voxel with fractional anisotropy lower than 0.05 was reached or where the angular deviation exceeded 45°. The low selected FA threshold was selected to ensure that tracts are reconstructed through regions of crossing fibres and reach cortical regions of the brain.
Crossing tracts from the different tractography versions were first visually inspected. For this, reconstructed tract pathways passing through corpus callosum and internal capsule were selected from the whole-brain tractography using ROIs, which were automatically processed based on the JHU DTI-based white-matter atlases (Mori et al., 2008) . Non-linear transformation available on FSL was used to transform these ROIs from an FA template to each subject's individual FA (Andersson et al., 2010) . For a better visualisation, only the pathways reaching the pre-central left or right gyrus were selected. The latter ROIs were based on the Desikan-Killiany atlas (Desikan et al., 2006) and automatically obtained performing parcellation of the T1-weighted volumes using Freesurfer version 5.3 (http://surfer.nmr.mgh.harvard.edu/). After removing non-brain voxels from the T1-weighted volumes, a linear rigid body transformation using the mutual-information cost function was employed to align each individual T1-weighted volume to a b-value = 0 s·mm −2 volume acquired in the middle of the diffusion-weighted acquisition (Jenkinson and Smith, 2001; Jenkinson et al., 2002 ). This transformation matrix was then applied to the two cortical ROIs to transform them into the diffusion-weighted space.
For a quantitative assessment, probability maps for the pathways going through each ROI (corpus callosum, right and left internal capsule) were produced by counting the number of tracts passing through each voxel. The volume of each probability map was then calculated. To remove the impact of false positive pathways, only voxels with at least 10 tracts were taken into account. All analyses done on the 5 b-value data sets were repeated on DT and KT reconstructed from only two of the b-values 1000 and 2000 s·mm −2 and two b-value = 0 s·mm −2 volumes to mimic the fast DKI protocol. This was done so that the effects of reducing the number of diffusion shells could be assessed in the same subjects. The reproducibility of each probability map was quantified taking the proportion of voxels on the second acquisition performed with the fast protocol relative to the corresponding maps obtained with the first fast protocol data. For this, the space 'halfway' between two b-value = 0 s·mm −2 volumes, each acquired on a different day, was computed using FSL's package SIENA , and 'halfway' transformation matrices were used to transform the two tract probability maps to a common space. Three versions of whole brain RK maps and tractography reconstructions were then calculated from the DT, KT and DKI-ODF fibre estimates obtained from the 5 b-value protocol, the fast protocol and for only the b-values 1000 and 2000 s·mm −2 of the 5 b-value protocol. RK based on the larger DT principal axis was computed as proposed by Jensen and Helpern (2010) , while RK for both KT and DKI-ODF were computed as the average of pK values for each voxel fibre direction estimates, weighted by the amplitude of each fibre direction. Visual inspection of artefacts was carried out for all different RK versions. The robustness of each RK maps version was then quantitatively compared by computing the signal to standard deviation ratio (SSR) in seven different white matter ROIs where fibres are expected to be mostly well aligned (corpus callosum splenium, body and genu, left and right anterior and posterior internal capsule), in addition to four white matter ROIs where fibres are known to be crossing (left and right superior corona radiata and left and right frontal white matter where voxels of the precentral white matter were included). These ROIs were automatically defined from the EVE atlas available from the MRI studio software package (http://www. mri-resource.kennedykrieger.org/software) and transformed to each individual space using the same transformation steps as for the JHU DTI-based atlas. Finally, for each ROI, the coefficient of variation was computed from the two RK estimates obtained from the two repetitions of DKI fast protocols.
Results

Simulations
Graphical representations of the DT (top row), KT (middle row) and DKI-ODF (bottom row) obtained from multi-compartmental simulations are shown in Fig. 1 ordered, from left to right, according to fibre intersection angle. In all cases, the ground truth for fibre directions are indicated by black lines, while the predicted orientations for each geometry are shown in blue dashed lines.
The figure shows that the DT's largest principal axis matches the fibre directions when both simulated populations are aligned (panel A); however, as the intersection angle between fibre populations increases, DT is not able to distinguish between two crossing fibres (panels B-E) and the largest principal axis (when defined) matches the direction between both fibres (panels B-D). The maxima of the KT are distributed perpendicularly to the true direction of well-aligned population of fibres (panel F). The KT does not reveal information of crossing fibres for an intersection angle of 30°(panel G). In this case, maxima are found perpendicularly to the direction between the ground truth fibre directions. With an increase in intersection angle, the KT's sensitivity to crossing fibres increases by showing more evident maxima around perpendicular directions to each individual fibre population (panels H-J), and its direction estimates approaches the ground truth directions for angles larger than 60°(panel I) reaching a complete match when fibres are crossing at 90°(panel J). DKI-ODF revealed a single maximum for well-aligned fibre populations (panel K) and for fibres crossing at 30°(panel L). For intersection angles of 45°and 60°, DKI-ODF is able to resolve crossing fibres (panels M and N); however, predicted directions deviate from the ground truth directions with an angular Fig. 1 . Geometrical representation of DT (top row), KT (middle row) and DKI-ODF (bottom row) as a function of the intersection angle obtained from the multi-compartmental simulations. Fibre ground truth directions are represented in black solid lines while its estimates from the larger DT principal axis (top row), from pK maxima (middle row) and from DKI-ODF maxima (bottom row) are plotted as blue dashed lines. Each graphical representation was computed by sampling the DT and KT values on a 3D grid of 3600 directions and colour-coded with a blue to red gradient according to each geometry's minima and maxima, respectively. error around 5°. A match between DKI-ODF maxima and ground truth fibre directions is observed for an intersection angle of 90°.
Further examples of DT, KT and DKI-ODF geometries are available on Fig. 2 , panels A-C, which provide a 3D view of crossing fibres intersecting at 70°. The 3D view of panel B allows a better insight of the KT shape. In particular, diffusion kurtosis maxima around each fibre direction forms six lobes-four smaller lobes aligned to the virtual plane parallel to both crossing fibres (lobes 1-4) and two larger lobes perpendicular to both true fibre directions (lobes 5-6). . In this situation, a dramatic decrease on the amplitudes of the KT lobes 5 and 6 is observed (panel E), and the novel procedure for estimating fibre direction directly from KT erroneously suggests a third fibre crossing perpendicularly to the real fibres.
Projecting the false positive direction to the DT (grey line in panel D), this seems to match a direction of lowest directional diffusivity. Results for three fibre crossing are shown in panels G, H and I. In this case, KT lobes 5 and 6 display similar amplitudes to lobes 1-4 (panel H). Directional diffusion along this direction no longer corresponds to lower diffusional values (panel G). For the DKI-ODF geometry, the number of lobes always matches the actual number of fibres (panels C, F and I).
Estimated intersection angles between two fibres direction estimates obtained directly from KT and from DKI-ODF as a function of the ground truth intersection angle are shown in Fig. 3A . When only one fibre was detected, the crossing angle was set to zero, and thus, angular resolution from different procedures can be assessed from this panel by looking for the smallest ground truth crossing angle with non-zero intersection angle estimate. The identity line is also displayed on the panel so that deviations from perfect angular precision can more . These simulations were generated considering two ground truth fibres crossing at an intersection angle of 70°. On panels G, H, and I a third perpendicular fibre is added to the multi-compartmental models using their initial value conditions. For all simulations, KT maxima around fibre directions seem to form six distinct lobes (Panels B, E and H). KT and DKI-ODF crossing angle estimates for all the variants analysed considering two biological parameters of the multi-compartmental models are shown on the top panels of Fig. 4 : panels A and B for different values of fibre density and panels C and D for different values of intracellular RD (the sensitivity to the other biological parameters is illustrated in Supplementary Fig. 1 ). Curves related to the KT fibre direction estimates show a larger sensitivity to biological parameters than DKI-ODF. In particular, the KT revealed different underestimation profiles across different parameter values and even overestimations for the lowest fibre density values analysed (f ie = 0.3, panel A) and for the higher values of intra-cellular RD (iRD N 0.1 mm 2 s − 1 , panel C), while DKI-ODF displays a similar profile of crossing angle underestimation (panels B and D). However, for fibres crossing at high intersection angle (N 80°), KT resulted in smaller angular errors than those obtained with DKI-ODF for all the fibre density variant values tested (panels E vs F) and for all the intra-cellular RD values tested (panels G vs H). This was also observed for the other parameters of the multi-compartmental model ( Supplementary Fig. 1 values were successfully removed by excluding direction estimates with directional diffusion lower than 80% of the diffusion tensor MD (this diffusion threshold was applied for the remainder of the results presented here). Fig. 5 shows the crossing angle measurements and angular errors for simulations where artificial Rician noise and the influence of the two DKI protocols used on this study are taken into account. For the 5 b-value protocol and assuming the initial values of the multicompartmental simulations reported on Table 1 , both the KT (panels A and E) and ODF-DKI (panels B and F) fibre estimates are stable. However, when noise was added to the multi-compartmental models with the larger intra-cellular RD value analysed (panels C, D, G and H), the strategy to estimate fibre direction from KT shows a poor performance for fibres crossing at low intersection angles (b 40°). In particular, for 9.7% of the crossing fibre simulations with ground truth intersection angles lower than 15°, two erroneous fibre estimates were produced inducing large amplitudes on the 95% percentile curve of the measurements of crossing angle observed in panel C, and large angular errors observed in panel G. Two erroneous fibre estimates were also generated from DKI-ODF but in a smaller proportion (4.4% of fibres with intersection angle b 3°). For the fast 2 b-value DKI protocol, erroneous fibre estimates were generated with both KT (panels I and M) and ODF-DKI (panels J and N) estimates also for the multi-compartmental initial condition when populations of fibres are almost well aligned (intersection . The analogous panels for the fast DKI protocol are shown in the lower rows, where panels I, J, K and O correspond to the KT estimates and panels J, N, L and P to the DKI-ODF estimates. On each panel, black curves correspond to the simulations median, while orange curves correspond to the 25% and 75% percentiles and the green/red curves correspond to the 10% and 90% percentiles (different colours on the latter curves were used for a better visualisation of the fibre direction results for different methods, where green was used for KT and red for DKI-ODF).
angles b 2°). For other intersection angles, changes on the performance of were observed regarding the angular resolution of the methods. Nevertheless, this was not observed for all multi-compartment values tested on this study. For example, KT (panels K and O) and DKI-ODF (panels L and P) estimates seem to be very sensitive to noise when the fast protocol was applied on the multi-compartmental simulations with larger intra-cellular RD values.
Human brain data
Examples of DT, KT and DKI-ODF geometries extracted from four real brain voxels are shown in Fig. 6 . For the upper panels, voxels were selected from corpus callosum (panel A) and internal capsule (panel E), regions where fibres are known to be well aligned. In these cases, DT (panels B and F) and DKI-ODF (panels D and H) revealed a single directional maximum, while KT maxima are arranged perpendicularly to these directions (panels C and G). In a voxel where ascending fibres are crossing with the corpus callosum (panel I) and pontocerebellar fibres (panel M), DT shows nearly spherical shapes (panels F and N), while KT (panels K and O) and DKI-ODF (panels L and P) reveal two crossing fibre profiles. For the two latter voxels, KT crossing profiles (panels K and O) form six lobes-four lobes aligned with the plane of crossing fibres, presenting similar amplitudes, and two perpendicular lobes with larger amplitudes.
Real data tractography of corpus callosum and internal capsule fibres reaching the pre-central ROIs obtained from the 5 b-value data sets are shown in the upper panels of Fig. 7 . In contrast to tractography based on DT (panel A), KT and DKI-ODF procedures are able to resolve crossings between callosal fibres and the internal capsule fibres (panels B and C). Moreover, differences between these approaches are observed. In particular, KT-based tractography appears to resolve a larger number of lateral callosal pathways, while DKI-ODF-based tractography shows a larger sensitivity to tracking fibres passing through the internal capsule and reaching a broader area of the pre-central gyrus. When only 2 b-values and two b-value = 0 volumes were used to compute the different fibre direction estimates, a smaller number of streamlines were produced for DT-(panel D) and KT-based (panel E) tractography. For the case of the DKI-ODF (panel E), the decrease of fibre streamlines was less evident. The volume of the corpus callosum and the ascending fibre probability maps for all subjects are shown on panels G and H. Fig. 6 . Geometries of DT (panels B, F, J and N), KT (panels C, G, K and O) and DKI-ODF (panels D, H, L and P) extracted from real data of a representative subject. Geometries are extracted from four regions of interest defined on the FA map (panel A, E, I and M), which is colour-coded according to the direction of the larger principal DT eigenvector (red, blue and green correspond to right-left, inferior-superior and posterior-anterior, respectively). Top panels show the geometries extracted from voxels corresponding to well-aligned corpus callosum fibres (panels B, C and D) and ascending fibres (F, G and H), while the bottom panels display the geometries for voxels where ascending fibres are known to cross with corpus callosum (panels J, K and L) and pontocerebellar fibres (panels N, O, and P). Blue dashed lines on each panel represent the fibre direction estimates obtained from each geometry.
Higher corpus callosum volumes were always observed for the KT when the 5 b-value protocol was used (panel G); however, no volume difference between KT and DKI-ODF was observed when only two bvalues were used (panel H). A large decrease on the probability map volumes was observed on the left internal capsules fibres for the KT-based tractography algorithm. The histogram profiles of panel H were consistent for the two repetitions of the fast DKI protocol (Supplementary Fig. 2 ). The proportion of number of matching voxels between the probability maps produced from the two repetitions of the DKI fast protocol are reported in Table 2 . The three versions of RK mean values for eleven white matter voxels computed from the 5 b-value protocol in addition to three standard DTI invariant measures are reported in Fig. 9 . In general, DT-based RK values from ROIs, which may be associated to a higher percentage of aligned fibres, are smaller when compared to regions where crossing fibres are known to exist (panel A). These differences seem to decrease for both KT and DKI-ODF-based RK maps (panels B and C). However, RK increases were shown to be more accentuated for the KT estimates. Moreover, RK mean standard error presents smaller amplitudes for the KT estimates. For the fast protocol data, DT-based RK mean values show lower mean values and higher mean standard error bars ( Supplementary Fig. 3 ). Nevertheless, similar observations can be made, i.e., KT showed the higher values of RK and lower mean standard errors. Both Fig. 9 and Supplementary Fig. 3 revealed that DTI standard measures ), and two b-value = 0 volumes are shown in panels D, E and F, respectively. The number of corpus callosum (CC), left internal capsule (IC left) and right internal capsule (IC right) probability maps for all subjects are reported on panels G and H, respectively, for the 5 and 2 b-value protocols. Blue, green and red bars on the latter panels correspond to the average volumes reconstructed respectively from DT, KT and DKI-ODF.
Table 2
Mean and mean standard error of the matching voxel proportion within subject tract probability maps reconstructed from two repetitions of the fast DKI protocol acquired on 5 subjects. Values are reported for 3 different fibre estimate methods (DT, KT and DKI-ODF) and 3 different fibre types (corpus callosum CC, left and right internal capsule fibres ICl and ICr).
CC (%)
ICl (%) ICr (%) DT 50 ± 18 63 ± 4 64 ± 5 KT 64 ± 4 43 ± 7 69 ± 6 DKI-ODF 64 ± 10 69 ± 4 73 ± 5
were asymmetric between left and right brain hemispheres, which is consistent with previous studies (e.g., Westerhausen et al., 2007) .
Mean SSR values of the RK values for all eleven ROIs are reported in ) and two b-value = 0 volumes, KT was the only method that presented the most similar SSR levels for all white matter ROIs (panel B). Table 3 shows the RK coefficient of variation computed from the two repetitions of the fast DKI protocol. For all ROIs, the coefficients of variation for KT-and DKI-ODF-based RK are smaller than for the DT. Moreover, with the exception of the left superior corona radiata and left frontal white matter, KT-based RK shows smaller coefficient of variation than the DKI-ODF-based RK.
Discussion
In this study, features of the 3D geometry of the KT were elucidated for different white matter architectures. In contrast to the DT, which only gives the mean fibre orientation within a voxel (Fig. 1, panels A-E), 3D geometry of the KT is shown to provide information regarding the direction of both well-aligned and crossing fibre cases (Fig. 1, panels F-J) . For well-aligned fibres, KT's maxima are oriented perpendicularly to fibre directions forming a characteristic disk shape. This is consistent with real data observations as previously reported by Lu et al. (2006) . Although on our simulations KT maxima along directions perpendicular to well-aligned fibres are modelled considering only the heterogeneity between single intra-and extra-cellular compartments, in reality the presence of such maxima may be associated to a larger variety of diffusion water pools formed by axonal membranes and myelin. For orthogonal crossing fibres, the KT geometry shown on panel J is also consistent with the orthogonal crossing geometries reported by Lu et al. (2006) . In particular, KT maxima appear to be well aligned to directions perpendicular to both fibres. Fig. 1 , panels G-I expand previous KT geometry observations to crossing angles other than 90°. In general, the position of KT's maxima seems to be directly related to individual crossing fibre directions. However, angular deviation between KT maxima and directions perpendicular to the fibres are observed (Fig. 1 , panels H and J). These deviations are likely to be a consequence of the increased complexity of diffusion heterogeneity in the case of crossing fibres. In particular, diffusion heterogeneity no longer depends only on the difference between intraand extra-cellular diffusion, but also on directional differences of fibre populations. Fig. 1 also reveals that KT sensitivity to crossing fibres is limited regarding angular resolution. In particular, for fibres intersecting at 30°( panel C), the KT no longer shows maxima reflecting each individual fibre direction. Instead, maxima were aligned perpendicularly to the direction between the two fibres showing a disk shape similar to the case of well-aligned fibres. This limitation is not a specific feature of KT-resolution limits are also seen for the DKI-ODF (Fig. 1, panel L) , which is consistent with the results reported by Jensen et al., 2014 . Furthermore, angular resolution and angular deviation errors are known to be a characteristic of all other diffusion techniques used for resolving fibre crossings (e.g., Catani et al., 2012; Lazar et al., 2008) , which suggests these pitfalls may be inherent to diffusion-weighted techniques.
In this study, the maxima of KT crossing fibre geometry are shown to form six lobes (Fig. 2, panels B, E and H). For two crossing fibres (panels B and E), the four lobes aligned to the virtual plane defined by the ground truth direction of fibres (lobes 1-4) are characteristic of fibres intersecting with angles larger than KT's angular resolution, whereas the two lobes perpendicular to the true fibre directions (lobes 5 and 6) are formed due to diffusional radial heterogeneity. The amplitude of these lobes matches the value of the maxima of KT for well-aligned fibres with similar intra-and extra-cellular parameters and only depends on the difference between intra-and extra-cellular RD and the fraction between intra-and extra-cellular media. For example, when intra-cellular RD is increased to 0.20 × 10 −3 mm 2 s − 1 , the decrease of the amplitude of lobes 5 and 6 is caused by the smaller difference between intra-and extra-cellular RD (panel E). For three crossing fibres, lobes 5 and 6 no longer depend on RD parameters alone but also on the diffusional heterogeneity introduced by the orthogonal direction of the third fibre (Fig. 2, panel H ). Since this fibre was modelled with the same weight as the other fibres, the amplitude and shape of lobes 5 and 6 matches the other crossing characteristic lobes 1-4. Interestingly, from our visual inspection of KT geometries of real brain data (as presented on panels K and O of Fig. 6 ), only geometries similar to Fig. 2 , panels B and H were observed, i.e., we did not identify geometries that presented two KT lobes which were much smaller than four other lobes. This could indicate that real brain crossing fibres have intra-cellular RD much smaller than 0.20 × 10 −3 mm 2 s −1 which is consistent with axons with small diameters (Nilsson et al., 2013) . Fig. 3 quantifies the angular resolution and angular errors of fibre direction estimates from KT and ODF-DKI. Panel A shows that KT has a smaller angular resolution than DKI-ODF; however, panel B suggests that KT provides less bias on fibre direction estimates for crossing fibres intersecting at higher angles. If recent work on the architecture of real brain fibre pathways is confirmed (Wedeen et al., 2012) , suggesting that fibres crossing orthogonally represent the majority in the brain, fibre estimation procedures that accurately predict the direction of crossing fibres intersecting at high angles, as the case of KT's estimates, would be preferable to procedures with higher angular resolutions.
Nevertheless, some considerations have to be taken into account when estimating fibre directions based on the KT's geometry. First, as compartmental model parameters than DKI-ODF. When applied to real brains, this could reflect a less stable performance of fibre tracking across different regions. Therefore, extracting fibre directions from DKI-ODF might be more adequate if one wants to ensure a more stable performance across the whole brain. Second, as shown in Fig. 2 panels D-F, fibre estimates from KT seem to be more vulnerable to false positives. Although this latter problem could be overcome in the simulations by excluding fibre direction estimates with low directional diffusion values, the fibre exclusion criteria applied to real data could potentially remove true positive fibre estimates, which would dramatically affect the correct delineation of white matter pathways. Third, fibre estimations using KT were also shown to depend on different acquisition schemes and on noise. Although simulations show that KT and DKI-ODF fibres are equally affected by noise when the initial conditions are used (left panels of Fig. 5 ), KT is particularly affected by noise when the simulation parameters are changed to the extremes reported by Fieremans et al., 2011 , as illustrated in the left panels of Fig. 5 . In these cases, a larger sensitivity to the amount of data used for DKI estimation was also observed. In particular, KT fibre estimates were shown to be unsuitable for intracellular RD values larger than 0.2 × 10 -3 mm 2 .s −1 when the fast DKI protocol was used (Fig. 5, panels K and O) . Based on the visual exploration of KT geometry of real data (Fig. 6 ), these extremes are unlikely to represent the majority of brain white matter voxels; however, the latter concern is relevant for applications that the simulations fail to represent, such as tracking of large axons present in the spinal cord and peripheral nerves (Nilsson et al., 2013; van Gelderen et al., 1994) . Interestingly, no differences on the angular resolution between the two DKI protocols tested in this study were revealed, despite the maxima b-value used on the two protocols being different. This feature is not consistent with other fibre directions estimation techniques such as the ones based on q-ball imaging (e.g., Tournier et al., 2013) . However, one most note that the estimation from both KT and DKI-ODF is not based on a single b-value shell but on the non-Gaussian information provided by multiple b-values. Since the two protocols tested on this study represent two extremes of the maxima b-value generally used in DKI (i.e., b-values = 2000-2500 s·mm −2 , Fukunaga et al., 2013) , our results suggest that the dependency between angular resolution and b-value is not a significant issue to consider when using DKI-based procedures.
The differences on KT and DKI-ODF behaviours observed from the simulations revealed practical differences when considering real brain tractography. In particular, for the 5 b-value protocol, KT fibre estimates (Fig. 7, panel B ) are shown to be more sensitive in lateral corpus callosum fibres than DKI-ODF (Fig. 7, panel C) . This approach does not seem, however, to overcome the performance of DKI-ODF-based tractography approach in resolving ascending pathways from both left and right internal capsules. Instead, it produced a smaller number of tracts concentrated mostly on the pre-central gyrus leg areas (Fig. 7,  panel B) . These performance differences are likely to be a consequence of how directional features differ between the corpus callosum and ascending fibres. Corpus callosum lateral fibres seem to cross ascending fibres almost orthogonally and linearly which, as discussed previously, is a favourable characteristic for an accurate KT-based tractography performance. On the other hand, ascending fibres covering a broader area of the pre-central gyrus seem to follow more concave and convex pathways, which, on the scale of the image resolution, should reflect small fanning angles that are better resolved by the DKI-ODF tractography approach. Moreover, internal capsule fibres may be associated to biological parameters less favourable for KT fibre direction estimation. In future work, we aim to perform similar comparisons in other regions of interest.
Tractography performances were also shown to be dependent on the DKI protocol used. As no dependences between the angular resolution and b-value were present, differences on the performance should be associated to the differences on stability to MRI noise when different amounts of data are used to fit the DKI model. Particularly, when the fast DKI protocol was used, KT sensitivity to resolve fibre tracts is shown to be reduced (Fig. 7, panel E) . This reduction on fibre sensitivity was not clear for the DKI-ODF-based tractography; however, from a close visual inspection, DKI-ODF produced a large amount of suspicious fibre pathways, such as streamlines connecting the premotor areas of an hemisphere, passing through the corpus callosum and reaching the opposite hemisphere's internal capsule (these suspicious pathways correspond to the red streamlines present on the internal capsule of panels C and F of Fig. 7 and panels C and F of Supplementary Fig. 2 and are associated to the increases on the fibre probability maps shown on Fig. 7, panel H relative to panel G) . Consequently, the differences between KT and DKI-ODF sensitivity in resolving corpus callosum fibre previously observed for the 5 b-value protocol is no longer present. Although the reduction of b-values affected the two DKI-based tractography methods in a different way, the identical proportions of matching voxels on the probability maps from the two repetitions of the fast protocol suggested that both methods have a similar reproducibility in resolving corpus callosum fibres. Interestingly, consistent differences between KT and DKI-ODF profiles were still observed on corpus callosum tractography ( Supplementary Fig. 2) , and since the robustness of these techniques is shown to be similar, this finding suggest that each method can be sensitive to different aspects of corpus callosum anatomy. Nevertheless, future work will be required to validate these morphological differences with real brain anatomy. For this, more robust and objective procedures for tractography validation procedures not currently available in the literature still need to be developed.
Similarly to what was predicted by the simulations, the effect of noise in KT fibre estimates on real data seems to depend on the diffusion proprieties. This was clearly observed with systematic differences on the left and right side of the internal capsule, which are known to have different diffusion proprieties (Westerhausen et al., 2007) . In particular, the reduction of the sensitivity of the KT internal capsule tractography was shown to be more accentuated on the left side, where MD and RD values are lower than the right side (Fig. 9 , panels E and F). Moreover, smaller proportions of matching voxels between repetitions of the fast DKI protocols show that KT robustness in resolving left internal capsule fibres is lower than both DT and ODF-DKI performances. This suggests that biological conditions within the left internal capsule may correspond to the parameter region for which KT fibre estimates are less accurate, the extreme multi-compartmental parameters, and thus KT-based tractography is not adequate to resolve this type of fibres on the fast DKI protocol.
Finally, the relevance of 3D geometry of the KT for the development of novel metrics for quantifying tissue heterogeneity of brain tissue is also shown in this work (Fig. 8) . In particular, for both DKI protocols, RK maps which take into account crossing fibre estimates seem less noisy than the standard RK measures-based on the largest DT's principal axis. Evidently, the underestimations presented in the standard DT are a direct cause of the large angular deviations of DT's direction estimates relative to the directions of crossing fibres, and thus underestimations are inducing artifactual low RK values, especially for the ROIs containing larger proportion of crossing fibres as the left and right superior corona radiate and left and right frontal white matter regions (Fig. 9 , panel A and Supplementary Fig. 3 , panel A) Although to a smaller degree, RK underestimations were also observed on the DKI-ODF-based maps, which are a consequence of the small angular deviation observed between fibre direction estimates and the perpendicular direction of KT's maxima. By using KT fibre estimates, the maxima of kurtosis related to the radial directions of fibres are taken into account even for cases where MRI noise induces deviations between KT geometry maxima and the true direction of fibres. Interestingly, this feature provides not only larger RK values relative to the DT and DKI-ODF estimates, in particular for crossing fibres ROIs (Fig. 9, panel B and Supplementary Fig. 3,  panel B ), but also smaller values of SSR values maintained at a constant level even when a smaller number of b-values is used (Fig. 10) . Furthermore, in general, KT-based RK values show smaller coefficient variations between DKI repetitions (Table 3) , which confirm improved robustness in comparison to other RK estimation approaches.
Apart from the improvement in RK maps, we expect that the KT geometry exploration presented in this report should provide a foundation for the development of other useful biomarkers. As a brief example, in white matter regions of well-aligned fibres or where two crossing populations exist, KT's maxima lobes 5-6 have larger amplitudes (likely to be the case for the observations in all brain voxels). The kurtosis maxima could hence be used as a direct assessment of diffusional radial heterogeneity. Although this work was mostly focused on DKI's framework, exploring its potential to provide measurements of non-Gaussian diffusion not limited to single fibre populations, the comparison of the KT geometries with other DWI techniques could be useful to fully investigate the potential and general benefits of the KT, in particular for applications requiring relatively fast acquisition schemes (Jensen et al., 2014) . Future work should also expand the interpretation of KT's geometry as a function of other factors not yet addressed in this study. Advances on simulations to explore KT geometry were already achieved here relative to previous studies assessing the accuracy of DKI-ODF approaches (Jensen et al., 2014; Lazar et al., 2008) . In particular, the radial heterogeneity of fibres, which had previously not been taken into account, was shown to be a fundamental characteristic to accurately reproduce the KT geometries observed in real data. Nevertheless, future improvements to the simulations can still be achieved by incorporating cell permeability and more complex fibre configurations taking into account the distribution of axonal diameters or axonal angular dispersion.
Conclusion
The 3D geometry of the KT was shown to present maxima arranged along directions nearly perpendicular to the direction of fibres. For single fibre populations, these maxima seem to form a disk shape, whereas for two and three crossing fibres, they present six characteristic lobes. The information provided by KT geometry appears useful for tractography algorithms that not only overcome the performance of commonly used DTI approaches but also afford an advantageous feature when compared to previous DKI tractography approaches. In particular, KT direction estimates show smaller angular errors for fibre crossing with high intersection angles, which according to recent studies could potentially represent the majority of brain regions. Nevertheless, present pitfalls of this technique are also identified, such as a smaller angular resolution and lower stability to different diffusion parameters and different DKI acquisition protocols. When applied to real data acquired from a protocol with higher number of b-values, KT appears to be better at resolving lateral corpus callosum fibres, while DKI-ODF was shown to be better at resolving ascending internal capsule fibres reaching a broader area of the precentral gyrus. For DKI acquisition schemes more adequate for clinical practice, KT and DKI-ODF provide consistent morphological differences, but KT is no longer more sensitive than DKI-ODF and shows a poor performance in resolving left internal capsule ascending fibres. Finally, the impact of our findings on the development of novel biomarkers was demonstrated by expanding RK measures to crossing white matter regions, with KT fibre estimates shown to be the most suitable for both DKI protocol tested.
Supplementary data to this article can be found online at http://dx. doi.org/10.1016/j.neuroimage.2015.02.004.
